Abstract The removal, alteration and fragmentation of habitat are key causes of biodiversity decline worldwide. In Australia, temperate woodlands have been disproportionately cleared following European settlement. Biodiversity decline in such systems may be reversed by restoration of native vegetation on agricultural land. However, rebuilding functioning habitat will require understanding the determinants of species distributions in existing habitat. We used logistic regression of bird occurrence data from 240 sites across northern Victoria, to determine the probability of occurrence of 29 woodland-dependent bird species. We modelled occurrence as a function of habitat variables that characterise both the extent (amount) and composition of native vegetation surrounding sites. Our specific goal was to determine whether the predictive performance of models is improved by accounting for both extent and composition of native vegetation compared with models that characterise native vegetation by extent alone. For nearly all species, accounting for vegetation composition in addition to extent and weighting habitat variables by distance improved the explanatory power of models, explaining on average 5.4 % (range 0-27.6 %) of the residual uncertainty in models that accounted for extent alone. Models that incorporate variation in vegetation composition can not only provide more accurate predictions of species occurrence, but also guide more appropriate restoration. They highlight the need for restoration to incorporate sites with fertile soils that support productive vegetation 
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Introduction
The loss and modification of habitat through intensive human land-use has contributed greatly to biodiversity decline throughout the world (Tilman et al. 2001; Foley et al. 2005; Green et al. 2005; Fischer et al. 2010) . With much of the terrestrial environment committed to agriculture and other anthropogenic land-uses, formally protected reserves (e.g. National Parks) will, on their own, be inadequate to sustain biodiversity (Brooks et al. 2004) . The need for conservation strategies that can maintain biota within agricultural landscapes is increasingly recognised as a global conservation priority (Polasky et al. 2005; Vandermeer and Perfecto 2007; Foley et al. 2011; Balmford et al. 2012) .
One solution to the decline of biodiversity is the active restoration of native vegetation and rebuilding of functioning landscapes in agricultural areas (Thomson et al. 2009; Gibb and Cunningham 2010) . In the sheep-wheatbelt region of southern Australia, for example, where native vegetation has been massively cleared for agricultural production (Hobbs and Yates 2000; Lindenmayer et al. 2010a, b) , much attention has been given to the benefits of revegetation and restoration for maintaining native biota (Munro et al. 2007; Lindenmayer et al. 2010c; Mac Nally et al. 2010) . To be most effective, such restoration must be optimised to achieve desired gains in species abundance and richness, while also minimising losses to production (Stoneham et al. 2003; Polasky et al. 2005) . Optimisation requires being able to accurately predict the probability of species' occurrence based on relevant habitat and landscape attributes (Thomson et al. 2007 (Thomson et al. , 2009 Montague-Drake et al. 2009 ).
Knowledge of the value of faunal habitats in agricultural mosaics has typically been gained from studies of species at individual sites within habitat patches of varying sizes and types. Species occurrence is commonly assessed as a function of attributes that characterise the habitat at the site, together with attributes that quantify its context in the surrounding landscape (Montague-Drake et al. 2009; Brown et al. 2010) . The context of a site, represented by attributes such as the extent of nearby habitat and measures of isolation and connectivity, has consistently been found to have an important influence on the occurrence of biota (McGarigal and Cushman 2002; Radford and Bennett 2004; Lindenmayer et al. 2010c; Boscolo and Metzger 2011) . The extent of habitat influences the population size and potential persistence of a species, while the spatial configuration and isolation of habitat relative to surrounding patches affect a species' distribution and dispersal (Fahrig 2003; Bennett et al. 2006) .
Less attention has been given to variation in the relative composition of vegetation in the surrounding landscape, which often is represented as a single suitable habitat type (Debinski and Holt 2000) . Accounting for the composition of the surroundings by differentiating between vegetation types (e.g. species composition) or structures (e.g. overstory height) may enable more accurate predictions of species distributions. Species may favour specialised habitats such as riparian vegetation (Mac Nally et al. 2000) or scattered trees in grassland (Gove et al. 2009 ); and heterogeneity of vegetation types may provide species with a wider array of resources (Tews et al. 2004) .
In this study, we assess how well models based on combinations of variables that characterise the context of a site can explain the distribution of woodland bird species in remnant vegetation in north-central Victoria, Australia. Woodland-dependent birds typical of this region are sensitive to habitat variation at both site and landscape scales (Radford and Bennett 2007; Montague-Drake et al. 2009; Haslem and Bennett 2008a, b) . Further, approximately two-thirds of the species have shown recent decline associated with sustained dry conditions over a decade (Mac Nally et al. 2009) , with this decline being attributed to reduced habitat quality and food availability.
Here, our aim is to improve the predictive capacity of models of the distribution of species in remnant habitats in agricultural environments. First, we derive a set of variables that describe the extent of different vegetation types within a 2 km radius around sampling sites, which provide a measure of the composition of vegetation types in the surrounding landscape. Second, we apply weights to these site-context variables to account for their varying influence on species distribution models at different scales. Our specific aim is to determine to what degree accounting for both the extent and composition of native vegetation types surrounding sampling sites improves the predictive performance of incidence models for woodland bird species, compared with models that characterise the surrounding landscape by the extent of wooded habitat alone.
Materials and methods

Study sites and bird occurrence data
The study region is a fragmented, agricultural landscape in northern Victoria, Australia (Fig. 1) . It extends from the alluvial plains of the Victorian Riverina in the north (elevation:\150 m) to the inland slopes of the Great Dividing Range (elevation: 150-700 m). Native vegetation has been extensively modified by agriculture, mining and forestry since European settlement and remaining tree cover (*17 %) is highly fragmented and degraded (ECC 1997) . The region has a Mediterranean climate with hot, dry summers and cool winters. Most rainfall is received in winter and spring, with mean annual rainfall (400-670 mm) increasing from the north-west to the south-east.
Bird surveys were conducted in 24 10 9 10 km 'landscapes' during two 12-month study periods in 2002 -2003 (Radford et al. 2005 Radford and Bennett 2007) . Each landscape contains ten 2 ha sites, 240 sites in total. Four surveys were conducted in each study period. The survey design is detailed in Radford et al. (2005) . The total number of surveys was 24 landscapes 9 10 sites 9 2 periods 9 4 surveys = 1,920 surveys. We treated the four surveys on each site in a particular study period as an observation (480 observations). For the analysis, we use only woodland-dependent bird species that had more than 5 % non-zero observations (29 species total).
The model
We assume that the probability of sighting a species in each survey depends on the site location and associated site and landscape characteristics, as well as on species-specific characteristics such as behaviour, detectability and song. The observed sighting of species s on site i is the realisation of the probability of sighting species s on site i (p s,i ). The response variable for each species is incidence (number of surveys in which the species was detected) per site and period. The incidence for species s on site i over 4 surveys, incidence c s,i , is a realisation of a multipletrial binomial distribution in a fixed number (4) of surveys. This can be modelled using logistic regression:
where x i is a vector of site-specific explanatory variables and b s is a vector of species-specific parameters.
Since sites within each landscape are located close to each other, there may be factors specific to landscapes which cannot be observed or cannot be incorporated into the model due to the limitation of degrees of freedom. In other words, the errors of observations within a landscape could be correlated. Logistic models that ignore spatial autocorrelation tend to overestimate habitat effects (Betts et al. 2006) . To account for possible spatial correlation, we used a random effects logistic model. We introduced a random effect: that part of the error that is specific to landscape l and is normally distributed: 
where u l is a normally distributed landscape-specific random effect.
Site variables
Sites were characterised by a set of variables that describe the extent of native vegetation types within a 2 km radius (Table 1) . We classified native vegetation types based upon a combination of ecological characteristics and tree density. Ecological characteristics were derived from a GIS dataset that estimates the extent of plant communities classified by ecological vegetation class (EVC) (DSE 2007) . EVCs incorporate community composition, structure and associated environmental factors (DSE 2002) . Tree density was based on a 1:25,000 scale GIS dataset describing extent and density of existing tree cover. Three categories: 'dense', 'medium' and 'scattered' are differentiated by crown cover densities of [80, 50-80 and 10-50 %, respectively (DSE 2004) . The EVCs represented within the study landscapes (DSE 2007) were aggregated into four broad vegetation types according to related ecological characteristics: 'dry-infertile', 'fertile', 'plains' and 'riparian' (Table 1) . These classifications aggregate dense and medium-density vegetation, except for 'riparian' vegetation which is classified irrespective of its tree density. An additional vegetation type, 'scattered', was classified instead by density; it captures scattered tree cover regardless of ecological characteristics (Table 1) . To retain a manageable number of classes and allow a sensible model to be built, we excluded 'riparian' and 'scattered' vegetation classes from interactions between vegetation type and density groups due to their comparatively smaller area and lower likelihood of being influential. The proportions of each of these five vegetation types characterise extent and their combination defines the composition of habitat surrounding a site. In order to model possible additive effects of explanatory variables, where certain bird species had the same preference for two or more vegetation types, we calculated variables that represent combinations of vegetation types. For example, variable DF represents the sum of the proportion of 'dry-infertile' and 'fertile' vegetation types, and DFPRS includes all vegetation types implying that a particular bird species is indifferent to vegetation type. In order to approximate a normal distribution, we applied a natural log transformation to variables representing vegetation type or combination of vegetation types. A multiplicative effect of explanatory variables is implied when two or more log transformed variables are included in logistic models. For example, if a model contains D and F variables, the probability of occurrence depends on the level of variable D conditional on the level of variable F (or vice versa), implying that a particular bird species requires both 'dry-infertile' and 'fertile' vegetation types.
We assumed landscape features in close proximity to a site have greater effects on the suitability of habitat for bird species than those further away (Fahrig 2003) . When measuring site-context, the extent or proportion of habitat usually is measured within a fixed radius of sample plots (Westphal et al. 2003; Betts et al. 2006) . To accommodate the assumption about the diminishing effect of landscape features on site suitability, we derived weighted proportions of native vegetation types by calculating the area of all vegetation types within three bands (0-450, 450-1200, and 1200-2000 m radius) from the survey site and applying weights inverse to the squared distance between the survey site and median of the respective band (Hoover 1971; Polyakov et al. 2008) .
The relative occurrence of some species may vary among bioregions. To take this into account, we introduced a binary variable representing the Riverina and Goldfields bioregions. A second binary variable was used to account for temporal variation across the two survey periods (2002/2003 and 2006/2007) . The complete list of explanatory variables is presented in Table 1 .
Model selection and validation
We estimated random effect logistic models of probability of occurrence with all possible combinations of explanatory variables characterising the extent of native vegetation types in the surrounding landscape as well as the temporal and bioregion dummy variables. To facilitate selection of the best-fitting model, we employed the Akaike information criterion (AIC):
where k is the number of parameters in the statistical model, and L is the maximized value of the likelihood function for the estimated model. This criterion selects models with better log-likelihood value, but penalises explanatory variables that do not add explanatory power. A lower AIC indicates a better fitting model (Quinn and Keough 2002) . In developing species occurrence models, there is a risk of correlation among site variables for extent and vegetation type, particularly as the more extensive areas of vegetation were frequently 'dry-infertile'. However, we did not use 'overlapping' combinations of vegetation types as candidate variables in the models. Furthermore, using AIC for model selection also prevented inclusion of highly correlated variables in the models. Consequently, the selected models did not contain highly correlated explanatory variables (highest correlation between variables in selected models r = -0.65.
To test for spatial autocorrelation, we calculated Moran's I in Pearson residuals of the selected logistic models with and without the random landscape effects. The weight matrix for Moran's I is inverse distance within 6 km to ensure every observation has at least one neighbour. As the data consist of two panels (time periods 2002-2003 and 2006-2007) , the weight matrix is a block-diagonal, implying that spatial dependencies are tested only between observations within the same period.
To evaluate predictive performance of the selected final models, we used k-fold cross-validation (Fielding and Bell 1997; Boyce et al. 2002) by partitioning the entire dataset into ten subsets, each containing an equal number of randomly selected observations. We then trained our models on nine of the ten data sets using logistic regression and used estimated coefficients to predict probabilities of occurrence for the validation set. This procedure was repeated so that each of ten subsets was used once as validation data and every observation received an out of sample prediction.
The predictive performance of the models was evaluated by applying information-theoretic statistics developed by Hauser (1978) to the out of sample predictions obtained by tenfold cross-validation. These statistics (equations presented in Appendix 1 in supplementary material) allow estimation of the amount of information provided by the model relative to prior knowledge, comparison with the maximum amount of information achievable, and testing of the accuracy and significance of the model. Given a set of possible outcomes A and a matrix of explanatory variables X, the information index I(A;X) quantifies the information provided by the model pða X n j Þ relative to the null or prior knowledge model p(a).
The value of the information index varies between zero (when the model does not explain any additional uncertainty) and the value of the corresponding index of the prior entropy H(A), which defines the uncertainty inherent in the system. This relationship permits testing the usefulness (U 2 ) of the model by measuring the proportion of uncertainty explained by the estimated model.
Information index, prior entropy, and usefulness can be calculated using different prior knowledge or null models. Two of the often-used prior knowledge models are p 0 (a), which is an equal probability of all possible outcomes (observing and not observing the species in this case), and p 1 (a), which is a probability proportional to the occurrence of outcomes in the sample. Another prior knowledge or null p 2 (a) is the set of probabilities predicted by an alternative (inferior) model (Hauser 1978) . When calculated using p 0 (a), the information index I 0 (A;X) indicates the total amount of information explained by the model, the entropy H 0 (A) indicates the total amount of information in the system, and usefulness U 2 0 indicates the proportion of total uncertainty explained by the model. When another null is used, for example p 2 (a), the information index I 2 (A;X) indicates the additional amount of information provided by the model, the measure of entropy H 2 (A) indicates the amount of residual uncertainty unexplained by null p 2 (a), and usefulness U 2 2 indicates the proportion of residual uncertainty (unexplained by model p 2 (a)) that the model in question explains.
Furthermore, the information index I(A;X) is normally distributed with a mean of EI(A;X) and a variance of V(A;X) which provides a test of the accuracy of the model. Lastly, the log-likelihood ratio LLR ¼ 2n Â I A; X ð Þ is v 2 distributed with degrees of freedom equal to the number of coefficients in the model and allows testing the significance of the empirical model-i.e. the null hypothesis that the model provides no additional information compared to the alternative model.
Results
Models of the probability of occurrence for 29 woodland-dependent bird species are presented in Table 2 , with the selected model being that which had the lowest AIC value. In order to evaluate the effect of accounting for both the extent and composition of vegetation types in the surrounding landscape, compared with extent only of native vegetation, we estimated models for each species that included a variable characterising extent of vegetation (DFPRS) and possibly regional and/or temporal dummies. Further, we also estimated the same models (i.e. extent and composition vs. extent only) for every species by using variables that were calculated without applying weight proportional to inverse squared distance. The AIC values for these four alternative models for each species are presented in (Table 2) .
For all 29 species, models that accounted for both extent and composition of vegetation types in the surrounding landscape outperformed (i.e. lower AIC value) models that included extent of vegetation only (Table 2) . Incorporating distance weighting into calculation of the vegetation variables improved the performance of models for 86 % (25/29) of species (Table 2) .
We detected positive spatial autocorrelation (Moran's I significant at 95 % level) for 19 species. By incorporating landscape-specific random effects into logistic models, we corrected or decreased the severity of the spatial autocorrelation for most species, with the exception of one species (Fuscous Honeyeater) where severity of autocorrelation was not substantially decreased, and two species (Dusky Woodswallow; Eastern Yellow Robin) where negative spatial autocorrelation was introduced. The models for these species were not amended further as the initial problem was not severe for our species set and had been improved by the inclusion of random effects.
Information-theoretic statistics were used to assess the improvement in accuracy of the predicted probabilities of cross-validated data relative to the equal probability null model (Table 3) . For all species, Hauser's significance test based on the LLR test indicates rejection of the null hypothesis that the models provide no improvement over the null model at the 99.9 % significance level ( Table 3 ). The Hauser's usefulness measure U 2 0 indicates that these species models explain from 25 to 88 % of total uncertainty (Table 3) , suggesting a reasonably good fit for most models. The accuracy test, which compares the information index against the confidence interval around the expected information index, indicates that the empirical models are accurate: in all models, the information index is within 95 % confidence interval of expected information (Table 3) .
In addition, we calculated Hauser's usefulness measure based on p 1 (a) and p 2 (a) prior knowledge models, where p 2 (a) is the probability predicted by the model with random effects, dummies, and extent of woody vegetation. Respective Hauser's Usefulness measures U Table 4 . The values of U 2 2 suggest that inclusion of vegetation composition in the models of species occurrence increased their explanatory power by an average of 5.4 % (range 0.0-27.6 %) of the residual uncertainty not explained by the models without composition (Table 4) .
Regional and temporal explanatory variables were prominent in the probability of occurrence models with at least one being featured in 83 % (24/29) of models ( Table 2 ). The regional variable was included in 62 % (17/29) of species models, with a positive 'Goldfields' value (10/17) indicating a higher probability of occurrence at sites in the Goldfields bioregion and a negative value indicating higher occurrence in the Riverina bioregion. Similarly, 62 % (18/29) of species were influenced by 'year' but only two had positive values suggesting increased abundance in the 2006/07 survey period. 
Discussion
The probability of occurrence of 29 woodland-dependent bird species in northern Victorian landscapes was successfully modelled using explanatory variables that characterised both the extent and composition of the wooded vegetation surrounding survey sites. For all species, these models provided a stronger fit to the data, explaining up to 27.6 % of the residual uncertainty of models based on the extent of wooded vegetation alone (i.e. U 2 2 values, Table 4 ). This implies that for species occurrence to be increased or maximised, accounting for context and vegetation type is important when considering both protection of remnant vegetation and re-planting vegetation in restoration projects.
Including landscape composition enables the habitat requirements of individual species to be more effectively represented in models and leads to more targeted habitat management (Fuller et al. 1997; Hinsley and Bellamy 2000; Montague-Drake et al. 2009 ). For example, including vegetation composition in models for the Diamond Firetail (Stagonopleura guttata) and the Superb Fairy-wren (Malurus cyaneus) accounted for 8.0 and 27.6 % of the residual uncertainty of their respective occurrence models including habitat extent only. Importantly, these models identify the vegetation most likely to benefit these species: the Diamond Firetail requires both plains and woodlands of fertile areas (i.e. fertile, plains/scattered trees, and riparian); and the Superb Fairy-wren displays a preference for riparian vegetation. Mesic riparian vegetation more consistently provides low shrubby vegetation that this species requires for shelter and foraging, than dry forest and woodlands (Higgins et al. 2006) . In contrast, other species were associated with landscapes comprising any combination of several vegetation types as expressed within models where effects of variables describing vegetation type are additive. For instance, the Mistletoebird (Dicaeum hirundinaceum) is indifferent to dry-infertile or fertile or plains or riparian vegetation.
Inclusion of several vegetation types in a model suggests that species respond positively to a site context of greater habitat diversity, while the arrangement of vegetation types in the model (additive or multiplicative) indicates their relative importance. Species may require such heterogeneity to provide resources for different activities such as breeding, foraging and nesting, or to meet changing food Sightings refers to the number of surveys (n = 1,920) on which a species was recorded across both study periods requirements across seasons or life stages (Law and Dickman 1998; Benton et al. 2003) . Dry-infertile, fertile and riparian (DFR) or plains (DFP) were the most common variables included in the additive models for most species ( Table 2 ), suggesting that any combination of this vegetation can provide suitable habitat. However, many species models included additional variables. 'Fertile', 'plains' or 'riparian' vegetation were included as an independent variable in the selected model for 15 of the 29 species (Table 2) . Thus, for more than half of the species considered, simply protecting or restoring vegetation on the dry-infertile hills will not be adequate to secure or maximise their occurrence. They also require vegetation that is generally found in more fertile, productive parts of the landscape (viz fertile, riparian or plains vegetation), thus establishing potential tradeoffs with other land uses incompatible with nature conservation, such as high-intensity agriculture. Regional and temporal binary variables were included in the models of many species. A positive ''Goldfields'' value indicates that the occurrence of this species is influenced by the differences in habitat conditions of the Goldfields region relative to the Riverina (DSE 2002). Regional differences in edaphic, topographic and climatic conditions influence species distributions (Thomson et al. 2007 ) and drive differences in vegetation types. Open grassy box woodlands (e.g. Grey Box Eucalyptus microcarpa) are typical of the Riverina (though many areas are now reduced to scattered trees in paddocks) and dry forests and box-ironbark woodlands are more common in the Goldfields region. Also critical to woodland birds, is that remnant tree cover is much greater in the Goldfields (25 % cover) compared with just 2.2 % cover in the Riverina Wierzbowski et al. 2002) . The temporal binary variable 'year' was also frequent in species' models, but was predominately negative, such as for nectar-feeding species (e.g. honeyeaters, lorikeets, Red Wattlebird Anthochaera carunculata). This indicates a decrease in the abundance of these species in the 2006/2007 survey data. This widespread regional decline has been attributed to prolonged drought and increased temperatures in the last decade affecting food supplies such as nectar and invertebrates (Mac Nally et al. 2009 ).
Applying a distance weighting to the calculation of habitat variables improved the performance of occurrence models for most species (Table 2) . This supports our assumption that the influence of landscape variables such as habitat extent and composition diminishes with distance. As our measure of vegetation extent and composition included the sampling site itself, species may be partly responding to characteristics of the site rather than only the vegetation in the surrounding landscape. Part of the unexplained variation in our models is undoubtedly due to such sitelevel habitat differences.
Studies such as this, that are based on crosssectional data, have implicit limitations that may affect the accuracy and predictive capacity of models. For example, sites may differ in the land-use history and the time since clearing of their surroundings, potentially leading to different time lags and 'extinction debts'. Similarly, regional variation in the character of landscapes, including soils and dominant vegetation types, means that current high cover landscapes are not necessarily representative of low cover landscapes before they were cleared.
The increased probability of species occurrence with the increased availability of proximal vegetation, provides an opportunity to benefit biodiversity by incorporating the restoration and revegetation of contiguous agricultural land into conservation strategies (Bennett and Mac Nally 2004; Thomson et al. 2009; Munro et al. 2011) . Although these local gains in extent of habitat and possible gains in connectivity will help sustain species presence, such land-use change will need to be widespread to counter impacts of habitat loss (Dorrough et al. 2004; Vesk and Mac Nally 2006) . The species models described here confirm a need for conservation to incorporate more than just dry-infertile land in order to meet species habitat requirements. An important task is to retain and restore more productive parts of the landscape, not only to provide for the habitat requirements of species but because such sites may also support more productive and resilient bird communities (Watson 2011) . However, such change potentially introduces greater trade-offs with agriculture. In order to increase their likelihood of implementation or adoption (Stoneham et al. 2003; Polasky et al. 2005; Pannell 2008 ), actions to restore biodiversity on agricultural land must be optimised to minimise loss to production. The predictive models of bird occurrence identified here will be used to inform a spatially explicit, bio-economic optimisation model for the restoration of native vegetation cover on agricultural land (Polyakov et al. 2011) . Although constructed for a select suite of woodland-dependent bird species, such models could be derived for other taxa where data are available. The habitat requirements identified in these models ensure that restoration can be optimised for individual species. The question is then how best to optimise habitat restoration across all species (Thomson et al. 2009; Polyakov et al. 2011) ? Applied in this way, these models predicting the probability of species occurrence will help address the ongoing challenge in conservation to create a landscape mosaic that can adequately meet targets for both biodiversity conservation and agricultural production.
